Spatial normalization or deformation to a standard brain template is routinely used as a key module in various pipelines for the processing of magnetic resonance imaging (MRI) data. Brain templates are often constructed using MRI data from a limited number of subjects. Individual brains show significant variabilities in their morphology; thus, sample sizes and population differences are two key factors that influence brain template construction. To address these influences, we employed two independent groups from the Human Connectome Project (HCP) and the Chinese Human Connectome Project (CHCP) to quantify the impacts of sample sizes and population on brain template construction. We first assessed the effect of sample size on the construction of volumetric brain templates using data subsets from the HCP and CHCP datasets. We applied a voxel-wise index of the deformation variability and a logarithmically transformed Jacobian determinant to quantify the variability associated with the template construction and modeled the brain template variability as a power function of the sample size. At the system level, the frontoparietal control network and dorsal attention network demonstrated higher deformation variability and logged Jacobian determinants, whereas other primary networks showed lower variability. To investigate the population differences, we constructed Caucasian and Chinese standard brain atlases (namely, US200 and CN200). The two demographically matched templates, particularly the languagerelated areas, exhibited dramatic bilaterally in supramarginal gyri and inferior frontal gyri differences in their deformation variability and logged Jacobian determinant. Using independent data from the HCP and CHCP, we examined the segmentation and registration accuracy and observed significant reduction in the performance of the brain segmentation and registration when the population-mismatched templates were used in the spatial normalization. Our findings provide evidence to support the use of population-matched templates in human brain mapping studies. The US200 and CN200 templates have been released on the Neuroimage Informatics Tools and Resources Clearinghouse (NITRC) website (https://www.nitrc.org/projects/us200_cn200/).
Introduction
Magnetic resonance imaging (MRI) has profoundly advanced the understanding of human brain structure and function. When performing a group-level analysis with MRI, spatial normalization or registration/ deformation are indispensable steps that require a standard brain template, such as the International Consortium for Brain Mapping template (ICBM152) (Evans et al., 2012) . The adoption of an age-and population-matched brain template has been suggested to reduce the variability of spatial deformation during image registration and to maintain more characteristics of individual brains (Yoon et al., 2009; Zhao et al., 2019) . To date, various popular existing adult brain templates (e.g., ICBM152 and ICBM452 (Evans et al., 2012) , Richards' age-specific templates (Richards et al., 2016) , NIH-PD atlases (Fonov et al., 2011) , Chinese56 (Tang et al., 2010) , Chinese2020 (Liang et al., 2015) , and the Indian brain template (Bhalerao et al., 2018) ) have been constructed based on sample sizes ranging from dozens to thousands of images. Until now, the influence of sample size and how it affects brain template variability remain unclear. It is not surprising that the use of a larger sample size for template construction yields a more representative brain template in standard stereotaxic space. However, obtaining a large MRI sample is both costly and time-consuming, and the sample size that is sufficiently large for the construction of a robust brain template in stereotaxic space remains an unanswered question. Answering this question warrants a guideline for the choice of sample size for specific brain template construction. We hypothesize that an extremely large sample size is not necessary and that an increase in sample size beyond a certain threshold would not have a strong effect on the template variability. In other words, the brain template variability would converge and reach a plateau after an appropriate sample size is used.
Genetic, cultural and environmental factors have been shown to exert population effects on the construction of brain templates (Tang et al., 2010 (Tang et al., , 2018 . Differences have been found between Caucasian and Asian brain features, such as brain size, shape, AC-PC distance and brain structure volumes (Bai et al., 2012; Lee et al., 2005; Tang et al., 2010; Xie et al., 2015a) . These anatomical differences result in imprecise registration when transforming individual images into a population-mismatched template (e.g., Chinese subjects registered to a Caucasian brain template) (Richards and Xie, 2015; Xie et al., 2015b) . However, previous studies did not consider the sample-size effects on brain template variability. Thus, to better understand the differences between templates across populations, we constructed age-and sex-matched Chinese and Caucasian brain templates with an appropriate sample size. As a result, it would be possible to explore the morphological differences between brain template in a quantitative manner and to investigate the segmentation and registration accuracies between Chinese and Caucasian templates.
In the present study, we first investigated the effect of sample size on the deformation variability in the brain templates using both the Human Connectome Project (HCP) (https://db.humanconnectome.org) and the Chinese Human Connectome Project (CHCP) datasets. Specifically, a range of different sample sizes using subsets from the HCP and CHCP datasets were applied for the construction of brain templates. We used the deformation variability of the nonlinear registration to measure the template variability introduced by different sample sizes. Furthermore, the detailed regional brain template variability associated with increases in the sample size was analyzed using the Yeo network atlas (Yeo et al., 2011) .
Furthermore, to assess the morphological differences between Caucasian and Chinese adult brain templates, we constructed age-, sexand sample size-matched Caucasian (US200) and Chinese adult (CN200) brain/head volumetric templates with the probability tissue maps of gray matter (GM), white matter (WM) and cerebrospinal fluid (CSF) using the iterative procedure introduced by Xie et al., 2015b and Fonov et al. (2011) . To control for the effects of differences in the MRI acquisition protocols, our CHCP dataset was also obtained using a 3.0 T MRI scanner with the same 3D MPRAGE sequence as that used to acquire the HCP dataset. We compared the morphological differences between Caucasian and Chinese brain templates and further quantified the segmentation accuracies as well as the registration bias introduced by using population-mismatched brain templates. The code used for brain atlas analysis is available for download from https://github.com/Yangguo yuan/CBTV.
Materials and methods

Participants and image acquisition
This study included three datasets of healthy populations (Table 1 ). The first dataset was the HCP S1200, which is publicly available from the Human Connectome Project supported by the WU-Minn Consortium . In HCP S1200, twins have very similar brain anatomical features, but siblings do not. To remove the influence of twins, we chose one participant from each twin pair and included siblings. Finally, 800 healthy volunteers (400 females, age range: 22-35 years, mean AE SD: 27.8 AE 3.2 years) were used in this study. All the participants provided written informed consent, and the protocol was approved by the local institutional review board at Washington University. MR images from each participant were acquired using a customized Siemens 3T Connectome Skyra scanner. Structural images were acquired with a 3D T1-weighted sequence (MPRAGE:
The final isotropic resolution of the participant's data was 0.7 Â 0.7 Â 0.7 mm.
The second dataset included 250 (121 females, age range: 19-37 years, mean AE SD: 21.5 AE 2.4 years) native Chinese healthy volunteers, all of which were right-handed. None of the participants reported a history of psychiatric or neurological disorders. The dataset was collected within a project that aims to build a public research database through a series of studies focusing on the connections within the Chinese brain and is referred to as the CHCP dataset. All of the MRI data were acquired using a Siemens Prisma 3T scanner. High-resolution T1-weighted MR images were acquired using a 3D sequence (MPRAGE: TR ¼ 2.4 s, TI ¼ 1 s, TE ¼ 2.22 ms, flip angle ¼ 8 , 224 axial slices with thickness ¼ 0.8 mm, axial FOV ¼ 256 Â 256 mm, and data matrix ¼ 320 Â 320). The final isotropic resolution of the participant's data was 0.8 Â 0.8 Â 0.8 mm.
In addition, to validate the global brain tissue volume measurements for Caucasian and Chinese volunteers considering the difference in data acquisition for the HCP and CHCP datasets, we collected a third dataset with different acquisition parameters than the CHCP and HCP datasets. The third dataset included 32 (16 females, age range: 18-28 years, mean AE SD: 24.7 AE 3.1) native Chinese healthy volunteers scanned using a Siemens Prisma 3T scanner. The dataset was used as a Chinese validation dataset and is referred to as the CNV dataset. The detailed scanning parameters were as follows: 3D T1 MPRAGE sequence: TR ¼ 2.5 s, TI ¼ 1.1 s, TE ¼ 2.98 ms, flip angle ¼ 7 , 192 axial slices with thickness ¼ 1 mm, axial FOV ¼ 224 Â 256 mm, and the data matrix ¼ 224 Â 256. The final isotropic resolution was 1 Â 1 Â 1 mm.
All the Chinese participants scanned at Peking University provided written informed consent, and the study was conducted under the approval of the Institutional Review Board of Peking University.
This study can be divided into two distinct parts: sample size assessment and template construction. For these, we had to partition the data into several sets. An overview of the dataset partition is given in Table 2 . When investigating the effect of sample size, we did not control for ethnicity because we focused only on the sample size effect. Thus, we used the HCP dataset, which includes multiple ethnicities and a large number of participants (800). However, it is important to note that we controlled for ethnicity in the second part of our study, namely, in the template construction and anatomical feature analysis. In this part of the study, we selected 200 Caucasian participants from the HCP dataset that could be considered representative of the Caucasian population for construction of the US200 atlas. Similarly, for construction of the CN200 template, we used 200 Chinese Han ethnicity participants from the CHCP dataset. Furthermore, as independent test sets, we used 50 images (25 males and 25 females) from the HCP (Caucasian population) and 50 images (25 males and 25 females) from the CHCP (Han ethnic) datasets that were not included in the construction of the US200 and CN200 brain templates. To eliminate the influence of age and gender, all the subsets were matched in terms of age and gender. We also constructed gender-specific templates using the HCP and CHCP datasets. Finally, the CNV dataset, which has different acquisition parameters than the CHCP and HCP datasets, was used to calculate the global brain tissue volume measurements and compare them with those for the CHCP and HCP dataset.
Data preprocessing
For the HCP, CHCP and CNV datasets, the 'minimal preprocessing pipelines' for structural MRI data were performed (https://githu b.com/Washington-University/HCPpipelines/releases), and all T1weighted images were processed using FSL (FMRIB Software Library), Connectome Workbench software and FreeSurfer . All T1-weighted MR images were subjected to quality control procedures (Marcus et al., 2013) . The preprocessing started with gradient nonlinearity distortion correction using a proprietary Siemens gradient coefficient file. A robust initial brain extraction was then performed using the linear and nonlinear registration deformation field. After brain extraction, the bias field correction was applied to each extracted brain image to remove the effect of inhomogeneity in the magnetic field of the MRI machine. Finally, each T1-weighted image was "AC-PC aligned", i.e., it was rigidly aligned to the ICBM152 space.
Template construction method
The templates were constructed based on a diffeomorphic template building framework using the symmetric image normalization (SyN) algorithm in ANTs software (Avants et al., 2008 (Avants et al., , 2009 ) (https://gith ub.com/ANTsX/ANTs). The brain templates were constructed using multiple iterations, as demonstrated by Xie et al. (2015b) and Fonov et al. (2011) . First, after rigid alignment of the T1-weighted images to the ICBM152 space, all images from a dataset with a particular sample size were linearly averaged to obtain the initial brain template (A 0 ). Each T1-weighted image was then registered to this initial averaged brain template A 0 using the affine and nonlinear SyN registration methods in ANTs software. By averaging all registered images, we generated an initial mean template (A 1 ). Subsequently, each T1-weighted image was linearly and nonlinearly registered to this mean template (A 1 ), and by averaging all of these registered images, we obtained a refined brain template (A 2 ). Brain template A 2 was used as the target in the next registration step. According to a previous study (Avants et al., 2011) , a hierarchical scheme with three iterations at 50 Â 90 Â 20 registration steps was adopted during the construction process. To increase the stability and sharpness of the template, we increased the number of iterations to seven at 100 Â 70 Â 50 Â 10 registration steps. The last averaged template was selected as the final brain template.
Evaluation of the effect of sample size on brain template variability
We used both the HCP and CHCP datasets to investigate the effects of the sample size. Specifically, we constructed brain templates using a series of different sample sizes, i.e., different numbers of randomly selected images were used to build a brain template. The sample sizes for the HCP dataset ranged from 20 to 400 images (20, 40, 60, 80, 100, 150, 200, 250, 300, 350, and 400) , and for the CHCP dataset, the sample sizes ranged from 20 to 100 images (20, 40, 60, 80, and 100) . We repeated the sampling eight times and thereby obtained eight samples per sample size, which could be used to calculate an average of the deformation value and logged Jacobian determinant in the subsequent analysis and weaken the sampling effect. In each sample set, we included equal numbers of male and female participants.
We constructed templates from each sample set using the method described in Section 2.3. Using the SyN nonlinear registration method, we then calculated the deformation field for each pair of templates for each sample size. We subsequently obtained the variability represented by the deformation value and the logged Jacobian determinant for each sample size and illustrated the relationship between the sample size and brain template variability for the HCP and CHCP datasets.
In nonlinear brain registration, a deformation field represents the amount of displacement needed to move a voxel location from the original MR image to the target brain template to achieve the registration criteria. A large deformation field indicates a high anatomical difference between the original and target brain images. Thus, the deformation field can be used to characterize the difference between two brain templates. First, we obtained the absolute values of the deformation field in each dimension for each voxel. Second, by summing each dimensional deformation field in each voxel, we obtained the Manhattan distance as each voxel's displacement distance. Finally, we averaged the displacement distance of all voxels in the deformation field to obtain the final deformation value. It should be noted that both the Manhattan distance and the Euclidean distance can represent the voxel displacement; however, as an L^1 metric, the Manhattan distance does not require floating point calculations, which can improve the computational speed and precision. Therefore, we used the Manhattan distance to represent the voxel's displacement distance. For a deformation field, the mean deformation value (mDV) was defined as follows:
Specifically, i is the ith voxel of the deformation field matrix, and the vector (V i x ; V i y ; V i z ) represents the amount of displacement in the ith voxel when moving from the fixed image to the target image to meet the registration criteria in three dimensions. N is the total number of voxels in each deformation field matrix.
We also calculated the mean of the logarithmically transformed Jacobian determinant (mLJD) as another index to represent the brain template variability. As a common pattern for examining the volume change across original MR images to target images, the Jacobian determinant of the deformation field can be evaluated through univariate voxel-wise statistical parametric mapping. By definition, the Jacobian determinant is used as a local index of tissue expansion (Jacobian determinant > 1) or shrinkage (Jacobian determinant < 1) relative to the target (Chung et al., 2001) . We opted to use the logged Jacobian determinant because its null distribution is closer to normal compared with that of the Jacobian determinant, whose has a skewed distribution that is bounded below zero (Ashburner and Friston, 2000; Leow et al., 2007; Yanovsky et al., 2007) . The Jacobian determinant was defined as follows:
(2) Specifically, det represents the determinant operator. U is the deformation field, and Jði; j; kÞ is the Jacobian matrix of a voxel's displacement vector. After logarithmically transforming and averaging across the entire deformation field matrix, the mLJD was defined as follows:
For each pair of HCP and CHCP brain templates, we obtained the mDV and mLJD, which represent the brain template difference associated with different sample sizes.
It is important to ascertain the pattern of the changes in the mDV and mLJD due to the sample size, i.e., to determine which function/model can accurately fit our observed data well. Here, we applied three widely used candidate function/model forms to fit the mDV and mLJD and assess the prediction accuracies: a power function (fðxÞ ¼ a Â x b þ c), an exponential function (fðxÞ ¼ a Â e bÂx þ c) and a linear function (fðxÞ ¼ a Â x þ b). The r 2 value was used to evaluate the goodness-of-fit, and an r 2 value closer to 1 indicates a better fit. To better understand the trend of the model, we calculated the derivative of the best performing model. We also calculated the normalized derivative for both the mDV and mLJD indexes to quantify the percentage of convergence. This value was calculated by first obtaining a reference derivative value defined when the sample size is equal to 20. Then, the normalized derivative was obtained by dividing the actual derivative values by the reference value.
Furthermore, considering the spatially distributed regional brain variations that potentially result from genetic and environmental effects during development, we extended the variability of the global brain template from the HCP dataset into detailed brain regions using the seven resting-state networks atlas from Yeo and colleagues (Yeo et al., 2011) . Specifically, the ICBM152 nonlinear template was first warped into the mean of the US templates using a nonlinear SyN registration method. The generated transformation field map was applied to the seven-network atlas to obtain an adjusted brain network from the US templates. For each adjusted brain network, we then calculated the mDV and mLJD corresponding to each specific sample size. We subsequently obtained the spatially distributed brain variability with increasing sample size.
Caucasian and Chinese brain templates with tissue probability maps
We constructed the Caucasian and Chinese adult brain/head volumetric templates US200 and CN200 from the corresponding subsets (as described in Section 2.1. and Table 2 ). The method used for brain template construction was the diffeomorphic template building framework described in Section 2.3. Furthermore, to obtain the tissue probability maps for brain templates, we used the FMRIB Automated Segmentation Tool (FAST) to segment each subject brain into WM, GM and CSF (Zhang et al., 2001) . These tissue maps were warped onto brain templates using the corresponding deformation fields obtained through SyN nonlinear registration between individual T1 images and brain templates. We ultimately obtained a template tissue probability map by averaging the individual registered tissue probability maps of all the subjects.
Evaluation of the heterogeneity of intersubject variability between Caucasian and Chinese populations
Individual brain morphological variability is the key factor that determines the optimal number of subjects for brain template construction in a specific population. The quantification of intersubject brain morphological variability can contribute to the comprehension of sample size effects in different populations. Thus, we investigated the heterogeneity of intersubject brain morphological variability for participants from the US200 and CN200 subsets.
We used the deformation-based morphometric analysis framework based on the SyN tool in ANTs (Croxson et al., 2018) to quantify intersubject variability. Specifically, for both the HCP and CHCP datasets, the processing was performed using the following steps: i) First, we used US200 and CN200 as the population-specific standard brain templates. ii) HCP and CHCP individual T1 maps were registered to the corresponding templates, and sets of 3D diffeomorphic deformation maps were extracted for each subject corresponding to the orthogonal projection of deformation for each voxel. iii) Variability was represented as the strength of the mDV and mLJD indexes. iv) Using gray matter ribbon of individual DK atlases, we calculated the regional distributions of individual variability across 68 DK areas. v) Caucasian and Chinese intersubject variability maps were obtained through averaging all the subject variability maps across DK areas for the HCP and CHCP datasets, respectively. Finally, we analyzed the association of the intersubject variability for Caucasian and Chinese brain anatomy.
Morphological differences between the Caucasian and Chinese sets and templates
We performed morphological comparisons to assess the following factors: (1) global differences between the populations, (2) morphological differences between US200 and CN200 templates, (3) genderspecific individual and morphological template differences in Caucasian and Chinese populations.
To determine the global brain anatomical differences between Caucasian and Chinese populations, we used participants from the US200 and CN200 subsets. Three global brain features, including length, width and height were measured using a previously described method (Tang et al., 2010) . Additionally, using each subject's brain segmentation results, we calculated WM, GM and CSF tissue volumes. A statistical comparison between groups based on the brain shape and size indexes were conducted using a two-sample t-test. Analogous comparisons were also conducted in gender-specific subsets of participants from US200 and CN200.
Furthermore, we used the CNV dataset to validate the global brain tissue volume measurements between Caucasian and Chinese volunteers considering the difference in data acquisition. Specifically, we obtained the global brain tissue volume measurements for the CNV dataset and a subset of HCP dataset using the same method as used for the HCP and CHCP datasets. The new HCP subset was extracted from the HCP dataset with the same age and gender distributions and used the same number of subjects as in the CNV dataset. Analogous comparisons were also made between CNV and a subset of the CHCP dataset.
Second, to assess the morphological differences between the US200 and CN200 templates, both templates were rigidly registered to the ICBM152 space using a six-parameter rigid transformation, which ensured that both templates' anterior and posterior commissures were in the same transverse plane. We then measured the length of the whole brain from the anterior pole to the posterior pole on the AC-PC plane, the width of the whole brain through the middle point of the AC-PC line, and the height of the whole brain from the superior pole to the inferior pole on the coronal plane. To evaluating gender-specific templates, we also constructed Caucasian female (US100(F)) and male (US100(M)) as well as Chinese female (CN100(F)) and male (CN100(M)) brain templates. Then, the template length, width and height were measured using the method described for the comparison of the US200 and CN200 templates. These comparisons were performed between US100(F) and US100(M), and between CN100(F) and CN100(M) brain templates.
We further examined the regional distributions of anatomical differences between the US200 and CN200 based on mDV and mLJD in 82 Brodmann areas. Specifically, the Brodmann atlas was nonlinearly warped into the US200 and CN200 templates using the ICBM152 template as an intermediary, and we then further divided the US200 and CN200 templates into 82 areas. We subsequently calculated the mDV and mLJD transformation between US200 and CN200 in each Brodmann area to assess the anatomical differences that influence the brain template nonlinear registration. High mDV and mLJD values indicate a greater anatomical difference between the templates in the observed area. The same comparisons were also conducted in gender-specific templates between Caucasian and Chinese volunteers.
Tissue segmentation accuracy between the Caucasian and Chinese templates
To further assess the effect of using population-matched and population-mismatched brain templates on the accuracy of the segmentation of WM, GM and CSF, we conducted a cross-population validation by performing a comparison of the registration-based segmentation accuracy using the constructed US200 and CN200 templates (Luo et al., 2014; Zhao et al., 2019) . We compared the accuracy of the registration-based segmentation of tissues in images from the HCP and CHCP test sets with the constructed US200 and CN200 templates as registration targets. Specifically, for both the HCP and CHCP test sets, we first performed an automatic segmentation without any prior information of individual T1 images using FAST (Zhang et al., 2001) . These individual automatic-segmentation probabilistic tissue maps of WM, GM and CSF were used as a reference for the registration-based segmentation comparison. Using a priori template, registration-based segmentation was then conducted separately for the US200 and CN200 brain templates. A range of tissue probability thresholds (p from 0.1 to 0.4, at 0.1 intervals) was applied to generate the final tissue classification. We then calculated the Dice coefficient (Dice, 1945) for WM, GM and CSF between the individual-based and the US200 and CN200 template-based tissue probability maps. A paired t-test was performed on the Dice coefficients to evaluate whether the population-matched templates could achieve segmentation improvements.
Image registrations to the Caucasian and Chinese templates
We used the HCP and CHCP test sets to analyze the linear and nonlinear registration performance by employing population-matched (e.g., registration of images from the HCP test set to the US200 template) and population-mismatched brain templates (e.g., registration of images from the HCP test set to the CN200 template).
First, after linear registration of the images from the HCP and CHCP test sets to the US200 and CN200 brain templates, we assessed the scale values that represented the change in the magnitude of stretch when registering the source image to the target image. For each subject, to quantitatively detect the degree of linear registration, we first examined the scale values obtained from the 3D linear affine registration processes (12-parameter affine transformation). The scale value is an index for describing stretch strength when performing linear registration. A smaller stretch represents a more accurate linear registration, and a scale value of 1.0 is obtained when the source image is the same as the target image (i.e., template) in each dimension (i.e., sagittal, coronal and axial).
Second, we also examined the difference in the mDV and mLJD obtained from the nonlinear SyN registration, which was performed after linear affine registration. Small values of mDV and mLJD indicate that few biases would be induced during nonlinear registration.
Finally, mixed-design ANOVA was performed to test the statistical significance of different population subjects (HCP test set and CHCP test set) and different templates (US200 and CN200) on both the linear and nonlinear registration results. The post hoc tests were performed with Bonferroni correction.
We further analyzed the global brain shape, including the length, width and height of the original images and images from the HCP and the CHCP test sets that were nonlinearly registered to population-matched or population-mismatched templates. A paired t-test was performed on the brain shape indexes measured between original and registered images.
Results
Template variability influenced by the sample size
The results of the analysis of effect of the sample size on brain template variability are presented in Fig. 1 . We averaged the mDV and mLJD obtained for the various sample sizes of the HCP and CHCP datasets separately. Fig. 1 (a) and (b) show the averaged mDV and mLJD maps for the HCP dataset projected onto the US200 template obtained with sample sizes of 40 and 200, and the results demonstrate that a small sample size leads to high brain template variability. As shown in Fig. 1 (c) and (d) , an increase in the number of subjects resulted in asymptotic decreases in the mDV and mLJD, and this finding was obtained for both the HCP and CHCP datasets. Based on the model fitting performance, the power relationship model best fits the mean and SD of the mDV and mLJD values obtained for both the HCP and CHCP datasets ( Table 3) . The model fitting parameters are shown in Table 4 . As indicated by the form of a specific model, the power relationship model approaches zero as the sample size increases. Theoretically, when sample size is sufficiently large, the variability will reach zero. The form of power relationship model embodies this characteristic, as expected during model fitting process; thus, we choose a power relationship for the final model. As shown in Fig. 1 (c) and (d) , the normalized derivative is lower than 14% when the sample size is equal to 100. To precisely define the convergence value for the optimal sample size, we set the plateaued threshold to 5% of the change in the normalized derivative. Our results revealed that this criterion threshold for the mDV and mLJD indexes is reached with 200 samples for both the HCP and CHCP datasets.
We further investigated the effect of sample size on brain template variability using the resting-state network atlas. The analysis of the spatially distributed brain template variability in association with the sample size (Fig. 2) revealed that the regional brain template variability, in terms of both the mDV and mLJD indexes, exhibited an explicit separation phenomenon. Specifically, the highest level of structural variability included the associational cortical area in the dorsal attention and frontoparietal control networks, whereas limbic systems showed the least variability. The sensory-motor and visual systems exhibited structural variability that was moderately lower than that of the dorsal attention and frontoparietal control networks but higher than that of the limbic networks.
Heterogeneity of intersubject variability between Caucasian and Chinese individuals
The results of the brain morphological intersubject variability are presented in Fig. 3 . We used mDV and mLJD to quantify the intersubject variability and project it onto 3D inflated surface view. We found that intersubject variability in cortical structural anatomy was significantly associated between Caucasian and Chinese in both indexes of mDV ( Fig. 3 , r ¼ 0.97, p < 0.001) and mLJD ( Fig. 3 , r ¼ 0.95, p < 0.001). Specifically, in the mDV maps, the bilateral inferior parietal gyri, bilateral superior parietal gyri and bilateral caudal middle frontal gyri showed considerable intersubject variability for both the HCP and CHCP datasets. Similarly, in the mLJD maps, the bilateral caudal middle frontal gyri, bilateral superior parietal gyri, bilateral precentral gyri and the bilateral superior temporal sulcus exhibited large anatomical intersubject variability for both the HCP and CHCP datasets. We also performed a twosample t-test between the HCP and CHCP datasets in each DK atlas areas for both the mDV and mLJD indexes with Bonferroni correction for the number of brain areas (p < 0.001/68 ¼ 1.47 ✕ 10 À5 ). Only two and three brain areas show significant intersubject variability differences for mDV and mLJD, respectively. In other words, 96% of brain areas displayed no significant difference in brain anatomy heterogeneity between Caucasian and Chinese individuals.
Global brain features and morphological differences of Caucasian and Chinese participants and brain templates
Significant differences in the structural volume were found between Caucasian and Chinese brain images (Fig. 4a ). The two groups showed significant differences in brain length, width and height ( Table 5 ). The Caucasian brains were significantly longer but presented a smaller width and a decreased height compared with the Chinese brains. The global volume measurements revealed that the Caucasian brains had lower total GM (p < 0.001, t ¼ 6.26, two-sample t-test), total CSF (p < 0.001, t ¼ 10.69, two-sample t-test) and total brain volumes (p < 0.001, t ¼ 6.13, two-sample t-test) compared with the Chinese brains, but no significant difference in total WM volume was found between the Caucasian and Chinese brains.
To validate the global volume measurements between Caucasian and Chinese individuals considering the difference in data acquisition, we performed global volume measurement difference analysis of the HCP and CNV datasets. We found similar results as in the comparison with the CHCP dataset. Caucasian brains had lower total GM (p < 0.001, t ¼ 3.83, two-sample t-test), total CSF (p < 0.001, t ¼ 4.85, two-sample t-test) and total brain volume (p < 0.001, t ¼ 4.76, two-sample t-test) values compared with the Chinese brains (Fig. 4b ). However, between CNV and a subset from the CHCP dataset, there were no significant differences among global brain tissue measurements of GM, WM and CSF (Fig. 4c , all p-values > 0.01). Fig. 4 (d) and (e) show significant differences in the structural volume for gender effect in both Caucasian and Chinese brains. The female brain had lower total GM, WM, CSF and total brain volumes in the HCP and CHCP datasets. The detailed results of the global brain measurements for gender-specific individual brains in the HCP and CHCP datasets show that the female brains are shorter in length and smaller in width and height compared with the male brains (Table 5 ). Fig. 5 shows detailed US200 and CN200 brain/head templates and tissue probability maps. A visual inspection revealed different Table 4 The model fitting parameters of brain template variability in the HCP and CHCP datasets. morphological structures between the US200 and CN200 brain templates in the brain gyri and sulci and obvious anatomical differences in the surface of the GM/WM junctions. Quantitative morphological differences between the US200 and CN200 brain templates are shown in Table 6 and Fig. 6 , where the US200 and CN200 brain templates are aligned to the same AC-PC position using the rigid registration method in ANTs software to preserve the original morphological information. The Chinese brain template showed a smaller length, greater width and increased Fig. 2 . Associations of the mDV (a) and mLJD (b) of a spatially distributed regional brain template with increases in the number of subjects in the sample based on the seven resting-state networks atlas (N ¼ number of subjects). height compared with the Caucasian brain template. The gender-specific templates including US100(F), US100(M), CN100(F) and CN100(M) are shown in Fig. 7 , and the quantitative global brain measurements are shown in Table 6 . The female brain template exhibited a smaller length, width and height compared with the male brain template in both the Caucasian and Chinese datasets. The regional distributions of the anatomical differences between the two templates using mDV and mLJD in 82 Brodmann regions are illustrated in Table 7 and Fig. 8 . The regions with large anatomical differences are located bilaterally in the supramarginal gyri (part of Wernicke's area), inferior frontal gyri (part of Broca's area) and superior temporal cortex. The regional anatomical differences between genderspecific templates are shown in Fig. 9 . Specifically, in Caucasian templates, the regions with the greatest anatomical differences are mainly located in the right superior frontal gyrus, bilateral supramarginal gyri and bilateral angular gyri. Similarly, in Chinese templates differences are mainly located in the bilateral superior frontal gyri, bilateral supramarginal gyri and bilateral angular gyri.
Population-matched templates produce higher tissue segmentation accuracy
As indicated by the results shown in Fig. 10 , the use of a populationmatched brain template produced more accurate tissue segmentation in the classification of GM, WM and CSF with probability thresholds ranging from 0.1 to 0.4, and this finding was obtained with both the HCP and CHCP test sets (all p-values < 0.001). Fig. 11 shows the scale values obtained after registering the test set images to the different brain templates. A scale value close to 1.0 was obtained when registering a subject's brain images to the populationmatched templates, which indicates that less stretching was needed for the registration. In contrast, the scale value explicitly deviated from 1.0 when the brain images were registered to population-mismatched brain templates.
Linear registration parameters
Significant interaction was observed between different population subjects and different templates in all three directions (sagittal direction, F x ¼ 86.72, p < 0.001; coronal direction, F y ¼ 29.79, p < 0.001; and axial direction, F z ¼ 41.41, p < 0.001). Fig. 4 . (a) Differences in global brain tissue volume tissue measurements between the Caucasian (HCP) and Chinese (CHCP) brain images. (b) The validation of global brain tissue volume measurements between HCP and CNV datasets. (c) The validation of global brain tissue volume measurements between CHCP and CNV datasets. (d) Differences in global brain tissue measurements between different genders in the HCP dataset. (e) Differences in global brain tissue measurements between different genders in the CHCP dataset. (*p < 0.001). 3.6. Nonlinear registration parameters Fig. 12 (a) and (b) show the averaged mDV and mLJD mapped onto the US200 and CN200 templates, which include averaged deformation fields obtained through the registration of images from the HCP test set to the US200 brain template, the HCP test set to the CN200 brain template, the CHCP test set to the CN200 brain template and the CHCP test set to the US200 brain template. Fig. 12 (c) and (d) show violin plots of the mDV and mLJD. The results show that nonlinear registration using the population-matched brain template generates a smaller deformation field, which improves the registration accuracy. As demonstrated by mixed-design ANOVA, different population subjects and different templates exert significant interaction effects on the mDV (F ¼ 220.01, p < 0.001) and mLJD (F ¼ 4187.87, p < 0.001).
Moreover, the comparison of brain anatomical features between original brain images and images registered to the population-matched or mismatched brain templates revealed significant changes in length, width and height (Table 8 ). The results illustrated better alignment and smaller deformations with the population-matched template than with the population-mismatched template. Specifically, the analysis of the Caucasian dataset revealed significant differences in brain length (p < 0.001, t ¼ 7.07, paired t-test), width (p < 0.001, t ¼ 9.53, paired ttest) and height (p < 0.001, t ¼ 4.43, paired t-test) between the original Caucasian brain images and those obtained after registration to the CN200 template. In contrast, no significant difference in length, width and height was found between the original Caucasian brains and those obtained after registration to the US200 brain template. Similar results were obtained for the Chinese dataset: significant differences in brain Fig. 5 . Example slices of brain templates and tissue probability atlases. Top: The Caucasian head/brain template (US200) and its tissue probability atlases. Bottom: Chinese head/brain template (CN200) and its tissue probability atlases.
Table 6
Global brain measurements between the Caucasian brain template (US200) and Chinese brain template (CN200), Caucasian female (US100(F)) and male (US100(M)), Chinese female (CN100(F)) and male (CN100(M)). 6 . Morphological differences between the Caucasian (US200) and Chinese (CN200) brain templates. Fig. 7 . Example slices of the gender-specific templates. These templates include the Caucasian female (US100 (F)) and male (US100(M)) brain templates, and the Chinese female (CN100 (F)) and male (CN100 (M)) brain templates. length (p < 0.001, t ¼ 8.47, paired t-test), width (p < 0.001, t ¼ 16.75, paired t-test) and height (p < 0.001, t ¼ 5.05, paired t-test) were found between the original brain images and those obtained after registration to the US200 template, and no significant difference in brain length, width and height were found between the original Chinese brain images and those obtained after registration to the CN200 brain template.
Discussion
In this study, we analyzed the changes in volumetric brain template variability with respect to changes in the sample size. We found that a sample size of 200 images was sufficient for brain template construction based on considerations of both cost and the status of brain template variability. An analysis of the US200 and CN200 brain templates also revealed significant morphological differences between the two templates bilaterally for the supramarginal gyri and inferior frontal gyri. Finally, MRI segmentation and registration accuracy analyses showed higher segmentation and registration accuracies with the populationmatched templates than the population-mismatched templates, which indicates the importance and necessity of constructing a populationmatched template.
The separation phenomenon of spatially distributed regional brain variations reflects an intersubject structural variability in the heterogeneous pattern across the human brain cortex. The results demonstrated that structural variability has a specific distribution, with the heteromodal association cortex being the most variable and relatively stable in the sensorimotor and limbic brain regions. In principle, a large and slow convergence in the mDV or mLJD for an area of the brain indicates high intersubject structural variability, and thus, more subjects were needed for brain template construction to obtain a stable and representative template for that area. Inversely, a small and quick convergence in the mDV or mLJD for a specific brain region reflects low intersubject structural variability, which implies that this brain area would achieve stability even with a small sample size during brain template construction. These regional differences were consistent with those obtained in a previous study that illustrated a plethora of evidence showing that neural systems with higher-order association and integration processes are more variable than those implicated in unimodal processing (Amunts et al., 1999; Kaas, 2006; Mueller et al., 2013; Smaers et al., 2011) . According to evolutionary and postnatal expansion studies, human cortical expansion is nonuniform: high-expansion brain regions include the lateral temporal, parietal, and frontal cortices, and low-expansion regions are concentrated in the sensorimotor, visual and other limbic brain cortex (Hill et al., 2010a (Hill et al., , 2010b . These findings are also consistent with our finding of brain variabilities in the sensorimotor, visual and limbic brain regions. By extension, the detailed spatially distributed regional brain variations could help us understand which brain template regions show increased accuracy and stability with a certain sample size.
The heterogeneity of brain anatomy is the key factor that determines the optimal number of subjects for a template of a specific population. In other words, different heterogeneities in brain anatomy would require different optimal sample sizes for brain template construction. Thus, in this study, we quantified brain anatomy heterogeneity using intersubject variability based on the mDV and mLJD indexes for both Caucasian and Chinese brains. We found that the heterogeneity in cortical structural anatomy was significantly correlated between Caucasian and Chinese individuals for both the mDV and mLJD indexes. Furthermore, the comparison of intersubject variability between Caucasian and Chinese subjects in specific brain areas showed that 96% of brain areas exhibited no significant difference in brain anatomy heterogeneity. These results suggest that Caucasian and Chinese brains shared a similar pattern of anatomy heterogeneity. This finding suggests similar brain anatomy heterogeneity across different populations. Hence, the sample size effect of the Caucasian brain template can be considered similar to the sample size effect of the Chinese brain template.
Previous studies have reported global differences in brain shape, size and volume between Chinese and Caucasian populations (Tang et al., 2010; Xie et al., 2015a) . In this study, under the consideration of the sample size effect, we also extracted appropriate sample sizes of age-and gender-matched data from the HCP and CHCP datasets to construct US200 Caucasian and CN200 Chinese brain templates. Consistent with previous studies that have reported global differences in brain shape, size and volume between Chinese and Caucasian populations (Tang et al., 2010; Xie et al., 2015a) , our results identified significant morphological differences in global brain features. Moreover, our study extended these Regions with indexes greater than the mean plus one standard deviation are listed in descending order in the table.
Fig. 8. Regional anatomical differences between the US200 and CN200 brain templates. Distributions of the regional anatomical differences as indicated by (a) mDV and (b) mLJD are shown in a 3D inflated surface view, and the colors ranging from red to yellow represent low to high index values, respectively. According to both indexes the regions with large anatomical differences are located bilaterally in the supramarginal gyri (part of Wernicke's area), inferior frontal gyri (part of Broca's area) and superior temporal cortex. The visualizations of the 3D surface views were generated using Workbench software (www.humanc onnectome.org/software/connectome-workbench).
global structural differences to a detailed regional level in adult brain templates. We found large anatomical differences in brain regions that were bilaterally located in the supramarginal gyri (part of Wernicke's area), inferior frontal gyri (part of Broca's area) and superior temporal cortex, which were consistent with the results of a previous pediatric brain template study (Zhao et al., 2019) . In the comparison of gender-specific templates, we found that the regions with the greatest anatomical differences were mainly located in the right superior frontal gyrus, bilateral supramarginal gyri and bilateral angular gyri in both the Caucasian and Chinese datasets, which was consistent with the gender-difference results reported in a pediatric brain template study (Zhao et al., 2019) . Furthermore, to illustrate the necessity of using a population-matched brain template, we assessed the segmentation accuracies and linear and nonlinear registrations of the HCP and CHCP test sets using both the US200 and CN200 brain templates. When the HCP images were linearly registered to the CN200 brain template, the axial and sagittal scale values increased, and the coronal scale values decreased. Conversely, when the CHCP images were linearly registered to the US200 brain template, the axial and sagittal scale values decreased, and the coronal scale values increased. This finding indicated that the brains from the CHCP test set were smaller in length but showed increased values of width and height than the brains from the HCP test set. In nonlinear registration, the deformation field represents the pixel displacement during the registration of two images and thus reflects the global nonlinear shape differences (Ashburner and Friston, 2000) . Thus, a smaller deformation indicates that fewer distortions were introduced when registering the source image to the target image. Our results show that the use of a population-matched template as the target resulted in a decreased scale and a smaller deformation field (represented by mDV and mLJD) compared with the use of population-mismatched templates. Furthermore, a population-matched brain template improved the tissue segmentation. These findings suggest that using a population-matched brain template reduces brain segmentation and registration bias and improves the accuracy of the subsequent statistical analysis of the data (Shi et al., 2017) .
Compared with the scalar mDV and mLJD indexes, which we used for the evaluation of volume change and voxel displacement, the displacement vector field (deformation tensor matrix) is a multivariate pattern for measuring the deformation field feature in orientation-specific characteristics (Studholme and Cardenas, 2007) . Such orientation components of the deformation tensor characteristics might reveal anatomical regions that are predominantly anterior-posterior or medial-lateral and can provide an orientation-sensitive correlation with clinical variables of interest. In this study, we focused on whole brain region variability in the mean three orientations and did not subdivide the deformation field into three directions. Thus, we selected the deformation value and the logged Jacobian determinant for the measurement of voxel displacement and volume change in three orientations.
Several limitations related to this current study should be noted. First, the CHCP dataset used in this study is still confined by the number of participants because data from only 250 adults have been collected thus far. However, the specific form of the observed sample size effect was well replicated across the HCP and CHCP datasets when the sample size was less than 100, which illustrates that the effect of sample size on brain template variability is consistent in the HCP and CHCP datasets. In the future, datasets with a larger sample size and other populations need to be explored. Second, due to the limited size of the CHCP dataset, the gender-specific templates were constructed only using the sample size equal to 100, which might induce relevant deformation variability. However, the normalized derivative was lower than 14% when the sample size equaled 100, which indicates that the sample size effect was relatively small for 100 samples. Furthermore, in light of the gender differences in brain structure (Cosgrove et al., 2007; Giedd et al., 1996; Luders and Toga, 2010; Reiss et al., 1996) , we may expect that single-gender groups would exhibit smaller heterogeneity than the group including both genders, which may indicate the gender-specific group could have a smaller convergence sample size than the other groups. Third, the proposed CN200 brain templates were generated using the structural MRI data collected in a 3.0 T MRI scanner. Future studies should determine whether these brain templates are appropriate for images collected using 1.5 T MRI scanners. Fourth, volumetric templates Fig. 9 . Regional anatomical differences between gender-specific templates in both Caucasian and Chinese. Distributions of the regional anatomical differences as indicated by the mean deformation value (mDV, panel a) and mean logged Jacobian determinant (mLJD, panel b) between US100(F) and US100(M). Regional anatomical differences represented by the mean deformation value (mDV, panel c) and mean logged Jacobian determinant (mLJD, panel d) between CN100(F) and CN100(M). The visualizations of the 3D inflated surface views were generated using Workbench software (www.humanconnectome.org/software/c onnectome-workbench). Fig. 10 . Tissue segmentation accuracies of the US200 and CN200 brain templates for the HCP and CHCP test sets. The Dice coefficient between each individual-based (using the FAST automatic segmentation without any prior information) and population-matched and population-mismatched brain template-based segmentations were calculated using cross-population validation of the HCP (left column) and CHCP (right column) test sets. The population-matched brain template shows a significantly higher Dice coefficient overlay with the individual segmentations (the reference) than the population-mismatched brain template in the tissue classifications of GM, WM and CSF, with probability thresholds ranging from 0.1 to 0.4. Two-sample t-test between using populationmatched and population-mismatched templates were all p-values < 0.001. Fig. 11 . Sagittal, coronal, and axial scale values following linear registration of the test sets from the HCP and CHCP datasets to population-matched and populationmismatched brain templates. (a) Fifty T1 images from the HCP test set linearly registered to the US200 and CN200 brain templates. (b) Fifty T1 images from the CHCP test set linearly registered to the CN200 and US200 brain templates. are suitable only for volume-based analyses, whereas cortical surface atlases allow the analysis of the highly variable and convoluted cerebral cortex and could be used for investigating differences in the cortical anatomy between Caucasian and Chinese (Bozek et al., 2018; Van Essen and Dierker, 2007) . In the future, a corresponding cortical surface atlas should accompany the brain volumetric atlas for a specific population. Furthermore, it is necessary to investigate the differences in the cerebral cortex and brain surface across populations and to construct population-specific cortical surface atlases.
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